Abstract-The increasing penetration of variable and intermittent generation, especially the wind power, are introducing greater uncertainties to the modern power systems. The operation of power system is thus facing more challenges. Many effective models and algorithms are proposed to mitigate the challenges. Among those,the Stochastic Security-Constrained Unit Commitment (S-SCUC) is one of the most important tools. The S-SCUC has many different features over the traditional deterministic Security-Constrained Unit Commitment (D-SCUC). The propose of this paper is to develop a systematic testing framework to compare the performances of S-SCUC and D-SCUC. To make the results better reflecting the true power systems, we use the real generation data from the ISO New England (ISO-NE) to conduct the tests. The ISO-NE bulk network is condensed into a 8-zone economic test system. Computational experiments are designed to facilitate the comparisons under a variety of possible system conditions, including various wind power penetration levels, various reserve requirement levels, and various months of a year. The testing results have demonstrated that the average cost saving of S-SCUC is a "U-shape" function, where S-SCUC has the least cost saving over D-SCUC at the saddle point of the "U-shape."
I. INTRODUCTION
T HE motivation of this work is the increasing penetration of variable and intermittent generation in modern power systems, which in turn has resulted in greater uncertainties for power system operators tasked with ensuring efficient and reliable system operations. In response to this development, many researchers have proposed the stochastic Security-Constrained Unit Commitment (SCUC) algorithms in different forms [1] - [6] . These proposals have typically been accompanied by numerical examples demonstrating the practical feasibility of the algorithms. However, to date, there appears to have been no systematic testing to determine the comparative performance of these proposed stochastic SCUC algorithms under a variety of possible system conditions.
To address this issue, this paper develops an agent-based simulation environment which is able to perform systematic testing of different forms of SCUC models. Systematic testing requires experiment designed based on various treatment factors, such as the number of agent classes, the initial location of agents, and so on. In our work, the treatment factors include wind power penetration level, reserve requirement level, different month of year, and the forms of SCUC. For each configuration of the treatment factors that one wishes to test, multiple runs need to be conducted in the systematic testing.
One of the challenges during the systematic testing is how to model the wind power penetration levels when the source data is insufficient. The variation of wind power output is one of the most important source of uncertainties in modern power systems. A simple way to model different wind power penetration level is scaling it up based on the system overall load. Instead of this way, this paper proposes an agentbased method to model wind power penetration level, i.e., each wind farm is modeled as an agent with the attributes including the location, the capacity and the capacity factor. The original data we obtained from ISO-NE has a low wind power penetration level. To model higher wind power penetration levels, additional wind farms will be added based on the wind power built out queue of ISO-NE. Using this method, we are able to modeled wind power penetration at three levels: 2% (the existing level), 10%, and 20%, respectively.
The experiments are conducted in the extended version of AMES (Agent-based Modeling of Electrical Systems) [7] , which is an agent-based computational platform for the study of Wholesale Power Market developed at Iowa State University. The agents in AMES are composed of Independent System Operator (ISO), Generating Companies (GenCos), Wind Farms (WFs) and Load Serving Entities (LSEs). The GenCos, WFs and the LSEs participate in a two-settlement system consisting of a day-ahead and a real-time market operated and settled by the ISO. Transmission grid congestion is managed by Locational Marginal Prices (LMPs). Wind power penetration level can be set up by the number of WFs. Stochastic and deterministic SCUC were implemented in Pyomo/Python (developed by Sandia National Laboratory). The AMES Wholesale Power Market Test Bed [7] has been configured to work with Pyomo and to conduct real time SCED conditional on a prior SCUC solution.
This work is tested on an 8-zone test case [8] , which has been developed based on ISO-NE data. The topology is shown in Fig. 1 . The incentive of constructing 8-zone test bed is the lack of test bed for comparative power system and power market studies. One of the applications is comparative SCUC and SCED study. The test bed was developed by modifying the original data to closely model the ISO-NE power system. A wide range of system parameters have been compiled and added, including generators, transmission network and conventional loads, as well as non-dispatchable loads (wind power). A complete data repository for the 8-Zone Test Case can be accessed at https://bitbucket.org/kdheepak89/eightbustestbedrepo.
The rest of the paper is organized as follows. Section II introduces the method to calculate various wind power penetration levels. Section III describes the formulations of stochastic SCUC and deterministic SCUC. Section IV illustrates the design of computational experiments used by the study. Section V presents the results. Finally, section VI concludes.
II. WIND POWER PENETRATION MODELING
Currently, the wind power percentage is low at ISO New England. It is difficult to construct the high-wind penetration scenario based on the historical wind power data. When modeling higher wind power penetration levels, the most common approach is simply to scale up or down the historical wind by a scaling factor [9] . However, this simple method cannot account for the difference of wind power at different locations. It will also change the statistical properties of wind power forecasts.
The method proposed in this paper instead reflects the way in which real-world p*olicy makers plan to increase wind penetration levels: namely, through additional investments in wind turbines. Specifically, we increase our wind penetration level by queue build-out, i.e., by adding additional wind turbines into the generation mix that are located at the particular zones where the ISO-NE has wind plant investments in its wind queue. (1) Specifically, five wind penetration levels are developed In NEWIS, based on the strategically choice of wind plants. They are: 2%, 9%, 14%, 20%, and 24%, respectively, as shown in Fig. 2 . In NEWIS, nameplate capacities of onshore and offshore wind as well as the total energy are given by states.
NEWIS has published the wind build-out plan. However, NEWIS does not have wind power outputs for each plan. Here, we refer data in Eastern Wind Integration and Transmission Study (EWISTS), which is developed by the National Renewable Energy Laboratory. In EWISTS, NREL develops simulated wind power output during 2004-2006 for potential wind power plants that either are or could be located in Eastern Interconnection. Wind power output for each wind power plant is simulated using a four-dimensional gridded wind-speed data set (derived from an empirically-based weather model) and a wind turbine power curve mapping wind speed into wind power.
In the EWISTS dataset, besides hourly wind power output of each power plant (sites) from 2004-2006, information of wind sites such as the location (State, longitude, latitude), the capacity and the capacity factors have been also given.
Based on the location information, wind power in the EWISTS dataset will be aggregated by zone to match 8-zone test system and used as source of data in this paper.
Specifically, in the 8-Zone Test System we model three penetration levels of wind power: 2%, 10%, and 20%, respectively, where the 2% represents current ISO-NE Wind Power Penetration level, and 10% and 20% represent medium, and high wind power penetration levels, respectively.
III. STOCHASTIC VS. DETERMINISTIC DAM SCUC FORMULATIONS A. Stochastic DAM SCUC Formulations
Our stochastic DAM (day-ahead market) SCUC formulation is based on the deterministic SCUC formulation developed by Carrion and Arroyo [11] . We extended the Carrion/Arroyo formulation to a two-stage stochastic formulation conditioned on a collection of potential next-day load scenarios with associated probabilities.
The objective of this stochastic DAM SCUC is to minimize expected total energy costs subject to system constraints, where expectations are taken with respect to next-day load scenarios.
Expected total energy costs are the summation of firststage costs including Start-Up Cost C
, and Shut-Down Cost C DOW N g,t (v g,t ), plus the expected level of second-stage costs which includes realtime dispatch costs C P g,t (p s g,t ). The decision variables for this stochastic DAM SCUC are classified as follows:
• First-stage decision variables: Generator on/off commitment indicator variables v g,t , for generator g at hour t, not scenario-conditioned • Second-stage decision variables: Scenario-conditioned generator dispatch p s g,t in scenario s for generator g at hour t, and voltage angle levels, The simplified Stochastic SCUC formulation is shown as follows:
subject to
• Scenario-conditioned power balance constraints • Scenario-conditioned generation capacity constraints • Scenario-conditioned transmission line constraints • Scenario-conditioned ramp constraints • Start-up/shut-down constraints • Minimum up/down time constraints
B. Deterministic DAM SCUC Formulations
Our deterministic SCUC formulation is derived from our stochastic SCUC formulation as follows. For each reserve requirement (RR) treatment, we consider the reduced form of our stochastic SCUC formulation obtained by considering only one load scenario, calculated as the probability-weighted average of the load scenarios for the stochastic case. Simplified Deterministic SCUC formulation:
subject to the same set of constraints as Stochastic SCUC, but they need to be changed to non scenario-conditioned constraints.
Another difference is that Stochastic SCUC manages uncertainty by representing it in different scenarios, which is an explicit model of uncertainty, while deterministic SCUC handles uncertainty by having reserve requirements constraint in the decision process.
C. Net Load Scenario Generation and Reduction
Net load refers to load net of wind power. The wind power scenarios for our illustrative application are based on Section II. In order to generate weather correlated conventional load and wind power scenarios, our load scenarios are based on ISO-NE hourly load data, by load zone, for the years 2004-2006. The main idea of the scenario generation method we propose here is to use the historical actual net load to represent the possible net load that can be realized in the simulation. To capture the feature of load and wind power pattern in different variability, historical load and wind power data are segmented by month. Using these data, we first generated 90 two-day hourly net load scenarios for the month of March with eight zone-conditional components. Each of these 90 net load scenarios was assigned an equal probability of 1/90.
We then used a well-known scenario reduction method [12] based on similarity clustering to reduce these original 90 net load scenarios to a smaller collection S containing five net load scenarios of the form s =(s(z 1 ), . . . , s(z 8 )). Each s ∈ S was then assigned a probability π s equal to the sum of the probabilities for the original load scenarios lying in its cluster.
The elements s ∈ S constitute the net load scenarios that could be realized for zones z 1 , . . . , z 8 over the next two days, from the vantage point of the DAM on a current day. For each zone z, the probability-weighted average across the elements {s(z) | s ∈ S} constitute the net load scenario forecast of LSE z at the time of this DAM, which then determines net load forecast in the determinist SCUC.
IV. DESIGN OF COMPUTATIONAL EXPERIMENTS

A. Sensitivity testing Procedure
We have run a series of performance comparison experiments using the 8-Zone Test System described in Section II. These experiments provide findings on the comparative performance of the deterministic and stochastic SCUC formulations. The experiments discussed in this paper focus on the following three treatment factors: RR, WPP, and month of year. RR is from 0MW to 50% of peak net load. WPP levels are set at 2%, 10%, and 20%. The months are set at January, May, July.
As depicted in Fig. 3 , the simulation procedure is as follows: solve the economic dispatch problem repeatedly with simulated-true net load realizations selected from among the net load scenarios and the frequency for which a particular scenario appears as the simulated true net load is equal to the probability associated with this scenario. To compare the performance of the deterministic and stochastic SCUC formulations, Security-Constrained Economic Dispatch (SCED) is run for each day for each type of SCUC with the same set of realized real-time loads. Generator commitment statuses are fixed to the SCUC solution for all but the fast-start generators. The SCUC/SCED optimizations are 24 hours in length for each simulated day, and each experiment consists of two simulated days.
B. Performance Evaluation Metric
The performance metric for comparing stochastic SCUC and deterministic SCUC is the total cost savings. Total cost includes no-load cost, start-up cost, shut-down cost and dispatch cost. The no-load cost, start-up cost and shut-down cost are from the SCUC solutions, and the dispatch cost is from the real-time SCED solutions. The total cost represents the realized cost for this entire SCUC and SCED process and indicates the economic efficiency of the SCUC solution. Let TC(Det) and TC(Sto) denote the total energy cost resulting from the implementation of deterministic and stochastic SCUC, respectively. Given RR and sj (sj is the jth scenario), the energy cost savings that would result from a switch from deterministic to stochastic SCUC is calculated as follows:
Then, multiply CS RR (sj) by the probability π sj assigned to the occurrence of sj. Finally, repeat these same steps for each of the five load scenarios s1, . . . , s5 in S, and calculate expected energy cost savings under RR as 
C. Implementation
Net load scenario generation and reduction were implemented in Matlab. Stochastic and deterministic SCUC were implemented in Pyomo/Python (developed by Sandia National Laboratory). The AMES Wholesale Power Market Test Bed [7] has been configured to work with Pyomo and to conduct real time SCED conditional on a prior SCUC solution. The SCUC (mixed integer programming) and SCED (linear programming) optimizations were solved with CPLEX on a high performance computing cluster using parallel computing, which has 12 computing nodes with a total of 400GW RAM, with each computing node having 16 cores running at 2.5GHz.
V. ILLUSTRATIVE FINDINGS
This section reports results for performance comparison between stochastic and deterministic SCUC. We do performance analysis for 3 months (Jan, May, Jul) on 11 RR levels from 0 to 60% of peak net load based on 3 WPP levels (2%, 10%, 20%). We present Avg. Total Cost for Stochastic SCUC TC(Sto) in Table I and Avg. Total Cost for Deterministic SCUC TC(Det) in Fig. 4 . TC(Sto) doesn't change due to RR increasing since stochastic SCUC handles uncertainty by representing it in different scenarios rather than having reserve requirement constraint. TC(Sto) only changes by Month and WPP. From Table I , we can see TC(Sto) is relatively higher in July and January, which represent summer peak and winter peak, respectively. We also see that with more wind integration, TC(Sto) decreases due to 0 dispatch cost for wind power. On Fig. 5 . Plot of expected cost savings (%) for the second day as the RR level for deterministic SCUC increases from 0 to 60% of peak load in January Fig. 6 . Plot of expected cost savings (%) for the second day as the RR level for deterministic SCUC increases from 0 to 70% of peak load in March Fig. 7 . Plot of expected cost savings (%) for the second day as the RR level for deterministic SCUC increases from 0 to 55% of peak load in July the other hand, TC(Det) varies by Month, WPP and RR level, As seen in Fig. 4 .
By comparing Stochastic and Deterministic SCUC, we get Fig. 5, Fig. 6 , and Fig. 7 showing average total cost savings change with RR and WPP for January, May, and July, respectively. Specifically, for a particular month M and WPP level, with the increasing of RR level, there's always a decrease in the cost saving first and then an increase when the RR level passes a certain point. The function looks like a "U shape" curve. We can observe that the saddle point, represented as RR*, has a positive correlation with WPP. For example, as shown in Fig. 5 , for WPP = 2%, the RR inflection point is RR* ≈ 25%; for WPP = 10%, the RR inflection point is RR* ≈ 30%; for WPP = 20%, the RR inflection point increases to RR* ≈ 35%. The reason for positive correlation between WP and RR* is that higher WPP leads to greater net load uncertainties, resulting in higher reserve needs for deterministic SCUC.
Another observation is that, the largest Avg. Total Cost Savings are always obtained at low RR levels. For deterministic SCUC, a low RR can result in committed generation capacity insufficient to meet realized net load. The ISO must then call on fast generation with relatively high dispatch costs to meet higher-than-forecasted net loads.
Avg. Total Cost Savings are also larger at high RR levels. Higher RR leads to the increasing of cost for deterministic SCUC in two ways. One is that in order to meet the reserve requirement constraint, more generation capacity is committed, resulting in higher UC costs (no-load, start-up/shut down). The second is that with higher reserve requirement, there will be more reserve get cleared, which means that ISO needs to pay more revenue to GenCOs for they are offering more reserve products/capacities.
VI. CONCLUSION
A systematic testing and comparison of deterministic and stochastic SCUC are presented in this paper based on an 8-zone test case derived from the ISO-NE system. To meet the challenge of lacking high-penetration level wind data, a practical method with agent-based modeling idea is developed. The computational experiments to compare the performances of stochastic and deterministic SCUC are designed based on three treatment factors: wind power penetration level, reserve requirement level, and different month of year. The testing results has shown that the average cost saving of stochastic SCUC follows a "U-shape" curve function.
